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Designing Baseline for Korean Document Summarization
using BERT-based Pre-trained Encoder
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Abstract

In modern society, where digital documents have increased exponentially, it is essential to efficiently obtain
important information within documents. However, due to the vast amount of digital documents, it has become
difficult for humans to abbreviate important information on individual documents. Document summarization is a
Natural Language Processing field that extracts or generates meaningful sentences shorter than the original document
while maintaining key information on the original document. However, since there is no appropriate Korean
summarization data for benchmark, research has been conducted without a baseline, and development in this field is
insufficient. In this paper, two document datasets that satisfy the accessibility and verification of summarization data
and different text characteristics were selected. In addition, BERT-based multilingual and Korean pre-trained language
models were selected, compared, and tested. For Korean documents, the Korean pre-trained language models
outperformed the multilingual pre-trained language models in ROUGE scores. The cause was analyzed through the
extraction ratio of selected summary sentences.
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Fig. 1. Overall process of designing method
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Table 2. Example of data preprocessing result

ar

Before
preprocessing

After
preprocessing

Model
(a) KLUE-BERT
(b) MBERT-cased
(c) KLUE-RoBERTa
(o) XLM-R

(@) hitps://huggingface.co/klue/bert-base, (b) https://huggingface.co/bert-base-multilingual-cased,

(c) https://huggingface.co/klue/roberta—base, (d) https://huggingface.co/xim-roberta—base

Table 3. Comparison of pre-trained language models (Igs: languages)
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Table 4. Descending order of ROUGE-2 for newspaper
data

Model R1 R2 RL
ORACLE 75.90 72.55 75.80
LEAD-3 63.74 60.14 63.64

Extractive

KLUE-RoBERTa 67.98 64.62 67.89
KLUE-BERT 67.53 64.14 67.45
XLM-R 67.30 63.89 67.22
MBERT-cased 5850 54.48 58.38
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Table 5. Descending order of ROUGE-2 for editorial/
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Model R1 R2 RL
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LEAD-3 33.12 29.07 33.04
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Table 6. Example for extracted summary results of newspaper test data
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Table 7. Example for extracted summary results of editorial/magazine test data
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Table 8. Statistical validation of newspaper test data
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